We propose a language modeling (LM) approach incorporating interpolated distanced n-grams in a Dirichlet class language model (DCLM) (Chien and Chueh, 2011) for speech recognition. The DCLM relaxes the bag-of-words assumption and documents topic extraction of latent Dirichlet allocation (LDA). The latent variable of DCLM reflects the class information of an n-gram event rather than the topic in LDA. The DCLM model uses default background n-grams where class information is extracted from the (n-1) history words through Dirichlet distribution in calculating n-gram probabilities. The model does not capture the long-range information from outside of the n-gram window that can improve the language modeling performance. In this paper, we present an interpolated DCLM (IDCLM) by using different distanced n-grams. Here, the class information is exploited from (n-1) history words through the Dirichlet distribution using interpolated distanced n-grams. A variational Bayesian procedure is introduced to estimate the IDCLM parameters. We carried out experiments on a continuous speech recognition (CSR) task using the Wall Street Journal (WSJ) corpus. The proposed approach shows significant perplexity and word error rate (WER) reductions over the other approach.
Introduction
Statistical n-gram LMs have been successfully used for speech recognition and many other applications. They suffer from insufficiencies of training data and long-distance information, which limit the model generalization (Chien, 2006) . The data sparseness problem is usually solved by backoff smoothing using lower-order language models (Katz, 1987; Kneser and Ney, 1995) . The class-based language model was investigated where the class n-grams were calculated by considering the generation of concatenated classes rather than words (Brown et al., 1992) . By incorporating the multidimensional word classes and considering the classes from various positions of left and right contextual information (Bai et al., 1998) , the class n-gram can be improved (Yamamoto et al., 2003) . A neural network language model (NNLM) was trained by linearly projecting the history words of an n-gram event into a continuous space (Bengio et al., 2003; Schwenk, 2007) . Later, a recurrent neural network-based LM was investigated that shows better results than NNLM (Mikolov et al., 2010; Mikolov et al., 2011) . Unsupervised classbased language models such as Random Forest LM (Xu and Jelinek, 2007) , Model M (Chen, 2008) have been investigated that outperform a word-based LM. However, the long-distance information is captured by using a cache-based LM that takes advantage of the fact that a word observed earlier in a document could occur again. This helps to increase the probability of the seen words when predicting the next word (Kuhn and Mori, 1990) .
To compensate for the weakness of the n-gram models, latent topic analysis has been used broadly. Several techniques such as Latent Semantic Analysis (LSA) (Deerwester et al., 1990; Bellegarda, 2000) , probabilistic LSA (PLSA) (Hofmann, 1999; Gildea and Hofmann, 1999) , and Latent Dirichlet Allocation (LDA) (Blei et al., 2003) have been studied to extract the latent semantic information from a training This work is licenced under a Creative Commons Attribution 4.0 International License. Page numbers and proceedings footer are added by the organizers. License details: http://creativecommons.org/licenses/by/4.0/ corpus. The LSA, PLSA and LDA models have been used successfully in recent research work for LM adaptation (Bellegarda, 2000; Gildea and Hofmann, 1999; Mrva and Woodland, 2004; Tam and Schultz, 2005; Tam and Schultz, 2006; Haidar and O'Shaughnessy, 2011; Haidar and O'Shaughnessy, 2012b; Haidar and O'Shaughnessy, 2012a) . Even so, the extracted topic information is not directly useful for speech recognition, where the latent topic of n-gram events should be of concern. In (chien and Chueh, 2008), a latent Dirichlet language model (LDLM) was proposed where the latent topic information was exploited from (n-1) history words through the Dirichlet distribution in calculating the n-gram probabilities. A topic cache language model was proposed where the topic information was obtained from long-distance history through multinomial distributions (Chueh and Chien, 2010) . Topic-dependentclass-based n-gram LM was proposed where the LSA method was used to reveal latent topic information from noun-noun relations (Naptali et al., 2012) . In (Bassiou and Kotropoulos, 2010) , a PLSA technique enhanced with long-distance bigrams was used to incorporate the long-term word dependencies in determining word clusters. This technique was used in (Haidar and O'Shaughnessy, 2013b) and (Haidar and O'Shaughnessy, 2013a) for the PLSA and LDLM models respectively where the long-distance information was captured by using interpolated distanced n-grams and their parameters were estimated by using an expectation maximization (EM) procedure (Dempster et al., 1977) . In (Chien and Chueh, 2011) , the DCLM model was proposed to tackle the data sparseness and to extract the large-span information for the n-gram model. In this model, the topic structure in LDA is assumed to derive the hidden classes of histories in calculating the language model. A Bayesian class-based language model was presented where a variational Bayes-EM procedure was used to compute the model parameters. Also, a cache DCLM model was proposed to capture the long-distance information beyond the n-gram window. However, in the DCLM model (Chien and Chueh, 2011) , the class information of the history words was obtained from the n-gram events of the corpus. Here, the long-range information outside the n-gram window is not captured. In this paper, we present an IDCLM model to capture the long-range information in the DCLM using the interpolated distanced n-grams. The n-gram probabilities of the proposed IDCLM model are computed by mixing the component distanced word probabilities for classes and the interpolated class information for histories. Similar to the DCLM model, the parameters of the IDCLM model are computed by using the variational Bayesian-EM procedure.
The rest of this paper is organized as follows. Section 2 is used for reviewing the DCLM model. The proposed IDCLM model is described in section 3. The comparison of the IDCLM and the DCLM models is described in section 4. The experimental details are described in section 5. Finally, the conclusions and future work are described in section 6.
DCLM
LDA is used to compute the document probability by using the topic structure at the document level, which is inconsistent with the language model for speech recognition where the n-gram regularities are characterized (Chien and Chueh, 2011) . The DCLM was developed to model the n-gram events of the corpus for speech recognition. In the DCLM, the class structure is described by Dirichlet densities and estimated from n-gram events. The graphical model of the DCLM for a text corpus that comprises ngram events {w i−1 i−n+1 , w i } is described in Figure 1 . Here, H and N h represent the number of history events w i−1 i−n+1 and the number of collected words that occur following the history w i−1 i−n+1 , respectively. The (n-1) history words w i−1 i−n+1 are represented by a (n-1)V × 1 vector h, consisting of n-1 block subvectors, with the entries of the seen words assigned to ones and those of unseen words assigned to zeros (Chien and Chueh, 2011) . Here, V represents the size of the vocabulary. The vector h is then projected into a C-dimensional continuous class space using a class-dependent linear discriminant function:
where a T c is the c th row vector of matrix and Chueh, 2011) . The function g c (h) describes the class posterior probability p(c|h), which is used in predicting the class information for an unseen history (Chien and Chueh, 2011) . The model can be described as: • For each history vector h, the class information c is drawn from a history-dependent Dirichlet prior θ, which is related to a global projection matrix A:
• For each predicted word w i of the n-gram events from a multinomial distribution with parameter β, the associated class c i is chosen by using a multinomial distribution with parameter θ. The joint probability of the variable θ, c i , and w i conditioned on h can be computed as:
• The conditional probability in the n-gram language model can thus be obtained as:
where the integral is computed as:
which is an expectation of a Dirichlet distribution of latent class c i (Chien and Chueh, 2011) .
Therefore, the probability of an n-gram event using the DCLM (Equation 4 and 5) can be written as (Chien and Chueh, 2011) :
The parameters (A,β) of the model are computed by using the variational bayesian EM (VB-EM) procedure (Chien and Chueh, 2011) .
A I
Figure 2: The graphical model of the IDCLM. Shaded circles represent observed variables.
Proposed IDCLM
The DCLM does not capture the long-range information from outside of the n-gram window (Chien and Chueh, 2011) . To incorporate the long-range information into the DCLM, we propose an IDCLM where the class information is extracted from interpolated distance n-gram histories through a Dirichlet distribution in calculating the language model probability. In this model, we interpolate the distanced n-gram events into the original n-gram events of the DCLM. The graphical model of the IDCLM is described in Figure 2 . In Figure 2 , H I contains the histories of all the distanced d n-grams, d represents the distance between words in the n-gram events, and L describes the maximum length of distance d. When d = 1, the n-grams are the default background n-grams. For example, the distanced tri-grams of the phrase "Interpolated Dirichlet Class Language Model for Speech Recognition" are described in Table 1 for the distance d = 1, 2, 3. Here, the (n-1)V dimensional discrete history vector h I is projected into a C-dimensional continuous class space using a class-dependent linear discriminant function:
where h I is the combined histories of all the distanced histories h d and is defined as
represents the logical OR operator. a T c,I is the c th row vector of the matrix A I and g c (h I ) describes the class posterior probability p(c|h I ).
The n-gram probability of the IDCLM model is computed as:
where λ d are the weights for each component probability estimated on the held-out data using the EM algorithm (Bassiou and Kotropoulos, 2010; Dempster et al., 1977) . The parameters of the IDCLM model are computed using the variational Bayes EM (VB-EM) procedure by maximizing the marginal distribution of the training data that contains a set of n-gram events D = {w i−1 i−n+1 , w i }:
where D contains all the distanced n-gram events, N h d represents the number of collected words that occur following the history h d in d-distanced n-grams. In Equation 9, the summation is over all possible histories in training samples D. However, directly optimizing the Equation 9 is intractable (Chien and Chueh, 2011) . A variational IDCLM is introduced where the marginal likelihood is approximated by maximizing the lower bound of Equation 9. The VB-EM procedure is required since the parameter estimation involves the latent variables of {θ
where Ψ(.) is the derivative of the log gamma function, and is known as a digamma function (Chien and Chueh, 2011) . The history-dependent variational parameters {γ h I =γ h I ,c ,φ h d =φ h d ,vc }, corresponding to the latent variables θ I , c h,d , are then estimated in the VB-E step by setting the differentials (∂L(γ))/(∂γ h I ,c ) and (∂L(φ))/(∂φ h d ,ic ) to zero respectively (Chien and Chueh, 2011) :
In computingφ h d ,ic the corresponding γ h d ,c is used in Equation 11. With the updatedγ h I ,φ h d in the VB-E step, the IDCLM parameters {A I ,β d } are estimated in the VB-M step as (Chien and Chueh, 2011) :
where V v=1 β d,vc =1 and δ(w v , w i ) is the Kronecker delta function that equals one when vocabulary word w v is identical to the predicted word w i and equals zero otherwise. The gradient ascent algorithm is used to calculate the parametersÂ I = [â 1,I , · · · ,â C,I ] by updating the gradient a c,I as (Chien and Chueh, 2011) :
The n-gram probabilities p t (w i , h t , A I , β d ) of the test document t are then computed using Equation 8. To capture the local lexical regularities, the model p t (w i |h t , A I , β d ) is then interpolated with the background trigram model as:
Comparison of DCLM and IDCLM Models
In the DCLM model, the class information for the (n − 1) history words is obtained by using the n-gram counts in the corpus. The current word is predicted from the history-dependent Dirichlet parameter, which is controlled by a matrix A and corpus-based histories h (Chien and Chueh, 2011) . In contrast, the IDCLM model captures long-range information by incorporating distanced n-grams. Here, the class information is exploited for the interpolated (n − 1) history words h I that are obtained from all the distanced n-gram events. Both the DCLM and IDCLM exploit the word distribution given the history words. They perform the history clustering of the corpus. For the DCLM model, the number of parameters {A,β} increases linearly with the number of history words and is given by (n − 1)CV + CV . For the IDCLM model, the number of parameters {A I ,β d } increases linearly with the number of history words and distance d and is given by ((n − 1)CV + CV d). The time complexity of DCLM and IDCLM are O(HV C) and O(H I V Cd) with H corpus-based histories, H I corpus-based interpolated histories, V vocabulary words, d distances and C classes.
Experiments

Data and experimental setup
The LM approaches are evaluated using the Wall Street Journal (WSJ) corpus (Paul and Baker, 1992) . The SRILM toolkit (Stolcke, 2002) and the HTK toolkit (Young et al., 2013) are used for generating the LMs and computing the WER respectively. The '87-89 WSJ corpus is used to train language models. The background trigrams are trained using the back-off version of the Witten-Bell smoothing; the 5K non-verbalized punctuation closed vocabulary. We train the trigram IDCLM model using L = 2 and L = 3. Ten EM iterations in the VB-EM procedure were used. The initial values of the entries in the matrix β,β d were set to be 1/V and those in A, A I were randomly set in the range [0, 1] . To update the variational parameters in the VB-E step, one iteration was used. The VB-M step was executed to update the parameters A, A I by three iterations (Chien and Chueh, 2011) . To capture the local lexical regularity, trigrams of various methods are interpolated with the background trigrams. The acoustic model from (Vertanen, 2013 ) is used in our experiments. The acoustic model is trained by using all WSJ and TIMIT (Garofolo et al., 1993) training data, the 40-phone set of the CMU dictionary (-, 2013) , approximately 10000 tied-states, 32 Gaussians per state and 64 Gaussians per silence state. The acoustic waveforms are parameterized into a 39-dimensional feature vector consisting of 12 cepstral coefficients plus the 0 th cepstral, delta and delta delta coefficients, normalized using cepstral mean subtraction (M F CC 0−D−A−Z ). We evaluated the cross-word models. The values of the word insertion penalty, beam width, and the language model scale factor are -4.0, 350.0, and 15.0 respectively (Vertanen, 2013) . The interpolation weights λ d and µ are computed by optimizing on the held-out data according to the metric of perplexity. The experiments are evaluated on the evaluation test, which is a total of 330 test utterances from the November 1992 ARPA CSR benchmark test data for vocabularies of 5K words (Paul and Baker, 1992; Woodland et al., 1994) .
Experimental Results
Due to the higher memory and training time requirements for the IDCLM model, we trained the DCLM and IDCLM models for class sizes of 10 and 20. The perplexity and WER results are described in Table 2 and Figure 3 respectively. Table 2 , we can note the proposed IDCLM model outperforms the other models for all class sizes. The performance of IDCLM improves with more distances (L = 3).
We evaluated the WER experiments using lattice rescoring. In the first pass decoding, we used the background trigram for lattice generation. In the second pass, we applied the interpolated model for lattice rescoring. The WER results are described in Figure 3 . From Figure 3 , we can note that the proposed IDCLM (L = 3) model yields a WER reduction of about 34.54% (5.79% to 3.79%), 33.5% (5.7% to 3.79%), and 9.76% (4.2% to 3.79%) for 10 classes and about 33.85% (5.79% to 3.83%), 32.8% (5.7% to 3.83%), and 11.34% (4.32% to 3.83%) over the background trigram, class trigram (Brown et al., 1992) , and the DCLM (Chien and Chueh, 2011) approaches respectively. The significance improvement in WER is done by using a match-pair-test where the misrecognized words in each test utterance are counted. The p-values are described in Table 3 . From is statistically significant to the class-based LM (Brown et al., 1992) and DCLM (Chien and Chueh, 2011) at a significance level of 0.01 and 0.05 respectively. However, the IDCLM (L = 3) model is statistically significant to the above models at a significance level of 0.01. We have also seen that the cache DCLM model also gives the same results as DCLM (Chien and Chueh, 2011) for smaller number of classes (Chien and Chueh, 2011) .
Conclusions and Future Work
In this paper, we proposed an integration of distanced n-grams into the original DCLM model (Chien and Chueh, 2011 ). The DCLM model (Chien and Chueh, 2011) extracted the class information from the (n-1) history words through a Dirichlet distribution in calculating the n-gram probabilities. However, it does not capture the long-range semantic information from outside of the n-gram events. The proposed IDCLM overcomes the shortcomings of DCLM by incorporating the interpolated long-distance n-grams that capture the long-term word dependencies. Using the IDCLM, the class information for the histories is trained using the interpolated distanced n-grams. The IDCLM yields better results with including more distances (L = 3). The model probabilities are computed by weighting the component word probabilities for classes and the interpolated class information for histories. A variational Bayesian EM (VB-EM) procedure is presented to estimate the model parameters.
For future work, we will evaluate the proposed approach with neural network-based language models and exponential class-based language models. Furthermore, we will find out a way to perform the experiments for higher numbers of classes.
